In this paper, we propose an alternative approach to work with the new covariance estimator Cov Ratio based on daily high-low prices that we had put forth in an earlier study (Lakshmi and Maheswaran, 2016 
INTRODUCTION
Volatility modelling continues to be one of the most widely researched yet intriguing areas in the gamut of finance. The fact that volatility is not constant over time or rather the conditional volatility is what makes this exercise most interesting. Volatility clustering and leverage effects make the task of modelling volatility complicated. Engle (1982) developed the Autoregressive Conditionally Heteroscedastic (ARCH) model for modelling the conditional volatility. It was later on extended by Bollerslev (1986) as the Generalized Autoregressive Conditional ISSN(e): 2222 -6737/ISSN(p): 2305 -2147 Heteroscedasticity (GARCH) model. Nelson (1991) ; Bollerslev et al. (1992) ; Engle and Patton (2001) ; Shin (2005) ; Alberg and Shalit (2008) ; Shamiri and Isa (2009) ; Kalu (2010) and others extended these models to forecast the time-varying conditional variance of a series by using past unpredictable changes in the returns of that series.
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Immense applications of these models have found place in the financial market research. This study is inspired by an earlier paper (Lakshmi and Maheswaran, 2016) . While most of the initial studies focused on using the daily closing price alone of asset returns for volatility estimation, many studies like Parkinson (1980) ; Garman and Klass (1980) ; Ball and Torous (1984) ; Alizadeh et al. (2002) and Brandt and Jones (2006) have come up with efficient estimators of volatility based on high-low prices. Using these prices is very helpful in analyzing a market where intraday prices are not available. Most of the studies assume a geometric Brownian motion with or without a drift term for the underlying price process. Such a range-based estimation of volatility using opening, high, low and closing prices of assets have been also studied by many authors like Rogers and Satchell (1991) and Kunitomo (1992) ; Magdon and Atiya (2003) ; Yang and Zhang (2000) . Shu and Zhang (2006) have compared the relative performance of the four range based volatility estimators including Parkinson, Garman-Klass, Rogers-Satchell, and Yang-Zhang estimators for the S&P500 index. They find that the estimators are efficient only when the assumption of a geometric Brownian motion for the price of the underlying asset is maintained.
From the literature we found that there have been very few studies that aimed to find a covariance estimator based on intraday opening, high, low and closing prices that are unbiased. This gap motivated us to propose a new unbiased estimator of covariance, where the covariance does not have to lie in any particular range. This estimator is an improvement over the correlation estimator developed by Rogers and Zhou (2008) that estimates the correlation of a pair of correlated Brownian motions based on the daily opening, high, low and closing prices of stocks. However, the correlation estimator has to fall within a range of In the earlier study (Lakshmi and Maheswaran, 2016) we had proposed a new covariance estimator Cov Ratio based on the daily opening, high, low and closing prices. We proved that the estimator is unbiased for a random walk, making this estimator very generic. Upon empirically examining major stock indices, we found that the estimator is upward biased for all the stock indices under study. We attributed this overreaction to the existence of level dependence in the volatility of stock returns where by intraday local volatility of stock price is impacted by intraday level of stock prices. We showed that the Constant Elasticity of Variance (CEV) specification can successfully capture this phenomenon.
In this paper, we propose an alternative way to estimate the covariance using daily high-low prices using Cov Ratio. We adopt a regression based approach incorporating the GARCH model. We empirically analyze the same four major stock indices, namely: NIFTY (India), S&P500 (USA), FTSE100 (UK) and DAX (Germany) for the same sample period ranging from 1st January 1996 to 30th March 2015. We model using GARCH (1, 1) and Integrated GARCH (IGARCH (1, 1)). We run the GARCH (1, 1) and IGARCH (1, 1) regression models in two ways for each of the indices respectively. In the first model, we assume that the errors of the mean equation are normally distributed and for the second, we assume errors of the mean equation follow a student's tdistribution. We also test for residual ARCH/GARCH effects using the ARCH LM Heteroscedasticity test. This study findings are similar to those in our earlier paper (Lakshmi and Maheswaran, 2016) where we found that the estimator is upward biased for all major stock indices we had looked at, providing evidence for existence of level dependence. We thus, provide a simpler and a generalized approach to modelling level dependence in volatility of stock returns.
The rest of the paper is organized as follows. Section t wo reviews the pertinent literature in the area of volatility modelling using GARCH. Section three explains the econometric model used in the study, namely: GARCH (1, 1) and IGARCH (1, 1). We also define the proposed covariance estimator. Section four covers the empirical findings. This sec- tion has two parts. The first part deals with the GARCH (1, 1) analysis and the second part deals with IGARCH (1, 1) analysis. The last section concludes the paper.
LITERATURE REVIEW
There is a plethora of studies that examine various regression based volatility modelling techniques. There are also plenty of studies that investigate the problem of level dependence in asset prices, mainly interest rates using GARCH models. We review some of them in this section.
Over the years, many models have been designed that incorporate both level dependence and conditional heteroscedasticity effect of GARCH models. Since most of these studies find that both the level effect and the GARCH effect are highly significant, they proposed a methodology to model short term interest rate with stochastic volatility in a diffusion GARCH framework. Brenner et al. (1996) developed a mixed model to capture serial correlation in variances simultaneously with level effects in volatility. They analyzed two different interest rate models namely: LEVELS and GARCH models.
They concluded that GARCH models depend on serial correlation in variances and hence do not capture the relationship between interest rates and volatility, whereas LEVELS models overestimate the level dependence in the volatility of interest rate. Koedijk et al. (1997) compare their model against the popular GARCH model, and to a level GARCH model for one month Treasury bill rates using a Quasi-maximum likelihood estimation method. They found that both GARCH effects and level GARCH effects determines the interest rate volatility and that GARCH models are non-stationary in variance. Bali (2003) found that level models fail to model the GARCH effects in conditional volatility. However; GARCH models does not capture the level dependence in volatility of interest rates. Andersen and Lund (1997) documented that the EGARCH class of models performed satisfactorily for U.S. 3-month Treasury Bills. Nelson (1990) used log -variance and modelled it by an EGARCH model. This guaranteed that the conditional variance is positive regardless of the values of the coefficients, making it a superior model to GARCH. Stephan (1996) developed a generalized regime switching model that incorporates both the GARCH and square root specification for short term interest rates. The model allowed for mean reversion conditional heteroscedasticity.
It accommodated both volatility clustering and level dependence in interest rates.
Thus, to sum up, a lot of studies are found in the field of volatility modelling using GARCH, considering the level effects in the case of interest rates. However, we can find very few studies in the case of stock indices or other asset classes. In this paper, we make use of the GARCH model to capture the level dependence in the volatility of stock returns.
METHODOLOGY
In this section, first we provide a brief overview of the econometric models used in the study, namely: GARCH (1, 1) and IGARCH (1, 1). We then define the proposed covariance estimator
GARCH (1, 1) Model
The GARCH (1, 1) model has a mean equation denoted as: This suggests that the error term is normally distributed with zero mean and conditional variance depending on the squared error term lagged one time period.
The variance equation is denoted as: (2) Where This is a model with only 1 order of the GARCH term and 1 order of the ARCH term Integrated Generalized Autoregressive Conditional Heteroscedasticity (IGARCH) is a restricted version of the GARCH model, where the persistent parameters should sum up to one and imports a unit root in the GARCH process.
For an IGARCH (1, 1), the restriction can be denoted as: ∑ ∑
Proposed Covariance Estimator
In an earlier paper (Lakshmi and Maheswaran, 2016) we had proposed a new covariance estimator based on the daily opening, high, low and closing prices, that was shown to be unbiased for any time reversible processes, such as a random walk. The proposed estimator is defined as:
Where is the terminal value of price path Denoting the maximum of the price path and
Denoting the minimum of the price path
For the ease of notation, let us define: ; ;
In terms of the proposed covariance estimator can be expressed as:
We proved that the proposed covariance estimator is unbiased for a random walk, i.e., . That is to say:
Now, consider the following GARCH (1, 1) specification that we make use of for this study.
Now Equation 5 can be expressed as an OLS regression equation as given below:
Mean Equation
Variance Equation
Here, variables are defined as follows:
( ) Denoting the intraday maximum of the price path at time "t" ( ) Denoting the intraday minimum of the price path at time "t" ( ) Denoting the terminal value of the price path at time "t"
Denoting the error of the mean equation following a normal distribution Here,
Where stands for the Covariance estimator In Equation 6, if or jointly we can say that the proposed covariance estimator is unbiased.
EMPIRICAL RESULTS
In this paper, we analyze a data set of four major stock indices, namely: NIFTY (India), S&P500 (USA), FTSE100 (UK) and DAX (Germany) for the sample period ranging from 1 st January 1996 to 30 th March 2015. We make use of four prices for the stock indices namely; daily opening, high, low and closing prices. We use the Bloomberg database to extract the data.
Our aim objective in this study is to test the hypothesis "whether or not is unbiased". That is to say:
We use t-test for testing the hypothesis, where in t-statistics is defined as:
This study is divided into two parts. The first part gives the empirical results for the Unrestricted GARCH (1, 1) model and the second part gives the empirical results for the GARCH (1, 1) model with IGARCH restrictions for various indices under study.
We run the GARCH (1, 1) regression model in two ways for each of the indices respectively. In the first model,
we assume that the errors of the mean equation are normally distributed and for the second, we assume errors of the mean equation follow a student's t-distribution. We also test for residual ARCH/GARCH effects using ARCH LM Heteroscedasticity test with 1 lag. 
Unrestricted GARCH (1, 1) Model
In this part, we run an unrestricted GARCH (1, 1) model for the four indices. Each result panel is divided into two parts. The first part gives the result when we assume errors of the mean model follow normal distribution and the second part gives the result when we assume errors of the mean model follow a student's t-distribution.
The results for the various indices are shown through We can see that both the models have a very high R-squared around 0.81 explaining 81% of variation in the model. Table 2 presents the results for the unrestricted GARCH (1, 1) model for the S&P500 index. We can clearly infer from the significant t-stats at 95% confidence level that the estimator is upward biased for the S&P500 index, under both probability distributions. The parameters ( tend to remain less than 1. The model has a goodness of fit of 84%. These results clearly show the existence of level dependence in the volatility of S&P500 index.
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© 2016 AESS Publications. All Rights Reserved. Table 4 presents the results for GARCH (1, 1) model for the FTSE100 index. From the table, we can infer from the significant t-statistics at 95% confidence level that is upward biased for FTSE100 index, under both probability distributions. Furthermore, in both the panels, we can clearly see that the parameter ( is significantly less than1 as expected. The model also has a high R-squared of 84%.
Testing for residual ARCH effects:
After the GARCH (1, 1) modelling, one needs to test if the model has any residual ARCH effects. We test using ARCH LM Heteroscedasticity test with 1 lag and results are presented in Table   5 . This test was devised by Engle (1982) . It is a Lagrange multiplier test to assess the significance of ARCH effects. Table 5 presents two set of results. The first panel provides the test results for ARCH LM Heteroscedasticity test, when errors follow normal distribution. We can infer that none of the F-statistics are significant at 95% confidence level for any of the four indices under study. Similar is true in the case when error follow t-distribution as can be seen from the second panel of the table. Therefore, we can conclude that there are no residual ARCH effects in any of the models and that our volatility model was successful in capturing the same.
GARCH (1, 1) Model with IGARCH Restrictions
In this part, we impose a restriction while modelling the GARCH (1, 1) model for the four indices. We stipulate that the parameters ( , thus converting the GARCH (1, 1) model into an IGARCH (1, 1) model. Here also, we assume two probability distributions for the errors of the mean equation. Each result panel is divided into two parts. The first part gives the result when we assume errors of the mean model follow normal distribution and the second part gives the result when we assume errors of the mean model follow a student's t-distribution
714
© 2016 AESS Publications. All Rights Reserved.
The results for the various indices are shown through Table 6-9. Table 6 presents the empirical result for the IGARCH (1, 1) model for the NIFTY index. We can see that there is significant upward bias in the covariance estimator at 95% confidence level when errors follow either normal or t-distribution. This clearly provides evidence for the existence of level dependence in the volatility of stock returns as also seen in Table 1 in Section 4.1. From the empirical results for the DAX index presented in Table 8 , we can clearly see that there is a significant upward bias for DAX index against the null hypothesis at 95% confidence level. The IGARCH restriction ensures persistence in the volatility of index. These results conform to our earlier findings that there exists an overreaction in the stock returns that can be attributed to level dependence in volatility of stock returns. The results hold true in the case of both the probability distributions.
From Table 9 , we can infer that when we assume errors to follow a normal distribution, the covariance estimator as evidenced by the significant t-statistics at 95% confidence level. The same holds true under the assumption of a student's t-distribution for the errors. The model is also able to explain 84% variation in variables.
Testing for residual ARCH effects:
Once again, using the ARCH LM Heteroscedasticity test with 1 lag, we test to identify the presence of any residual ARCH effects in our model. The results of the same are presented in Table 10 . From Table 10 , we can see that when errors follow normal distribution or a student's t-distribution, for all the indices in general, none of the F-statistics is significant at 95% confidence level. This shows that there are no residual ARCH effects in our model.
To sum up the findings of the empirical study, we have ample evidence that the estimator is upward biased for all the indices under study. That is to say, empirically speaking the proposed covariance estimator We can attribute such an overreaction in stock indices to the level dependence in the volatility of stock returns where by intraday local volatility of stock price is impacted by intraday level of stock prices.
These findings agree with those of our earlier study (Lakshmi and Maheswaran, 2016) where we find a significant upward bias for the same stock indices under study. We have seen that random walk model cannot explain this phenomenon. The Constant Elasticity of Variance (CEV) 1 specification can capture the level dependence that makes the estimator upward biased as seen in the data. We show that it is possible to isolate the effect of intraday level dependence in stock prices using our estimator.
In this study, it is the same CEV effect that comes into play that makes the estimator upward biased. We show that it is also possible to estimate covariance using daily high-low prices by making use of the conventional regression approach. The GARCH (1, 1) or the IGARCH (1, 1) model is aptly able to capture this phenomenon using our proposed covariance estimator.
1 CEV explains the relationship between share price and volatility. It was developed by Cox (1996) . We found in our earlier paper that the CEV specification allows for a level dependence in the volatility of stock returns in which there is more than proportional increase in volatility that makes the estimator upward biased as seen in the data.
